
160                                                Finance a úvěr-Czech Journal of Economics and Finance, 76, 2026 no. 2 

JEL Classification: C58, C32, G01, G21 

Keywords: volatility spillovers, systemic risk, asymmetric connectedness, financial contagion 

The Hidden Fragility of Large Banks: Asymmetric 

Connectedness and Systemic Risk 

Eyad ABDEL-HAFEZ - School of Economics, Center for Economic Research, Finance, 
Shandong University, Jinan, Shandong 250100, China 
(eyad.abdelhafez@emu.edu.tr) corresponding author 

Nigar TASPINAR - Eastern Mediterranean University, Department of Banking and Finance, 
Famagusta, North Cyprus, Turkey 

Baris Memduh EREN - University of Kyrenia, Faculty of Economics & Administrative Sciences, 

Department of Finance and Banking, Kyrenia, North Cyprus, Turkey1 

  

                                                            
https://doi.org/10.32065/CJEF.2026.02.02 

Declaration of interest 

None. 

 

Declaration of generative AI and AI-assisted technologies in the writing process 

During the preparation of this work the authors used Claude in order to improve the clarity and fluency of 

the English language. After using this tool/service, the authors reviewed and edited the content as needed 

and take full responsibility for the content of the published article. 

 

Submission declaration and verification 

The authors confirm that this manuscript is original, has not been published or submitted elsewhere, and 

has been approved by all authors and relevant institutional authorities. 

 

Ethics Statement 

This research does not involve human participants, personal data, or identifiable information, and therefore 

did not require formal ethical approval. 

 

Funding Statement 

The authors declare that no funding was received to support the conduct of this research. 

 

Author Contribution Statement 

Eyad Abdel Hafez was responsible for the conceptualization, data analysis, and writing of the original 

draft. Nigar Taspinar and Baris Memduh Eren provided supervision, critical review, guidance and editing 

throughout the research and manuscript preparation. All authors have read and approved the final version 

of the manuscript. 

 

Declaration of Competing Interest 

None 

 

Data Availability Statement 

This study's data set was obtained from LSEG DataStream. The data that support the findings of this study 

may be obtained from the corresponding author upon request. The availability of LSEG DataStream data 

utilized under license for this study is restricted. 

 

We are grateful to the anonymous referees for their valuable comments and suggestions, which helped 

improve the quality of this paper. 



Finance a úvěr-Czech Journal of Economics and Finance, 76, 2026 no. 2                                                161 

Abstract 

This study investigates whether volatility spillovers among systemically important banks 

exhibit fundamental asymmetry between positive and negative market shocks. Using daily 

returns from the world's ten largest banks (July 2010–April 2025), we employ an 

asymmetric time-varying parameter vector autoregressive (TVP-VAR) connectedness 

framework to capture dynamic, state-dependent risk transmission. We found substantial 

empirical evidence that negative shocks generate more persistent spillovers than positive 

shocks, challenging the symmetric shock assumption underlying most connectedness 

models and regulatory frameworks. Specific banks exhibit distinct regime-dependent roles, 

with some systematically amplifying positive shocks during expansions or bullish market 

states while dampening negative shocks during crises, revealing state-dependent systemic 

importance that varies across market regimes. These findings extend TBTF and TITF 

theory by demonstrating that systemic risk is fundamentally asymmetric as banks' 

transmission roles and vulnerability profiles change with market conditions. The results 

have direct macroprudential implications, as static systemic importance designations miss 

dynamic vulnerabilities that emerge during crises, and capital requirements calibrated on 

symmetric assumptions may be inadequate. We conclude that regime-aware monitoring 

systems and dynamic capital buffers which adjust with market conditions are necessary for 

effective financial stability policy. This study advances the theoretical understanding of 

banking networks and provides practical guidance for regulators implementing state-

dependent macroprudential tools. 

1. Introduction and Theoretical Background 

The banking system is at the center of ensuring financial stability in the world 

especially via big institutions that serve as intermediaries in the capital markets. These 

Systemically Important Financial Institutions (SIFIs) are highly interconnected, which 

establishes the channels through which the shocks can spread throughout the financial 

system (Dzhagityan and Orekhov, 2022). The collapse of these banks may cause 

extreme systemic effects, which is why regulatory frameworks based on the Too Big 

to Fail (TBTF) and Too Interconnected to Fail (TITF) hypotheses are encouraged 

(Ding et al., 2017). TBTF emphasizes risks posed by institutional size and the 

likelihood of government intervention (Stern and Feldman, 2004; Mishkin, 2011), 

while TITF highlights the role of interlinkages such as interbank lending, derivatives 

exposure, and cross-border dependencies in amplifying contagion (Markose et al., 

2012; Acemoglu et al., 2015). Financial contagion and network theories also support 

these frameworks by explaining the spread of localized shocks by complex financial 

networks (Allen and Gale, 2000; Eisenberg and Noe, 2001). 

The empirical studies based on the connectedness framework of Diebold and 

Yilmaz (2014, 2015) are consistent in revealing that large banks have high and time-

varying spillover effects, where connectedness increases during financial stress 

(Baruník et al., 2016; Billio et al., 2012). Demirer et al. (2018) have conducted post-

2008 studies that have investigated connectedness between large banks, and found that 

systemic risk is strongly linked to network effects and interdependence between 

financial institutions. Most empirical research, however, makes the assumption that 

banks are symmetric in response to shocks and that positive and negative shocks are 

equivalent. Although theory predicts that contagion can be more intense in down 

periods (Allen and Gale, 2000; Eisenberg and Noe, 2001), there is limited empirical 
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evidence on asymmetric spillovers in banking, and the available research is based on 

quantile methods and on small samples, not the entire set of systemically important 

banks (Baruník et al., 2016). The new literature suggests that downside risk is stronger 

than upside gains, which is indicative of deleveraging, liquidity constraints, and fire 

sales (Baruník et al., 2016; Ando et al., 2022; Abreu and Brunnermeier, 2002), and the 

existing evidence does not provide a thorough evaluation of global systemically 

important banks. 

These asymmetries are important to understand because of three reasons. To 

begin with, negative shocks cause margin calls, funding limitations, and forced selling 

of assets that greatly enhance contagion whereas positive conditions suppress 

transmission in the sense that average connectedness measures can underestimate 

systemic risk (Abreu and Brunnermeier, 2002). Second, when the intensity of 

spillovers increases more in recessions, it implies that there is a fragility threshold past 

which shocks are not absorbed but magnified, which would be difficult to capture with 

a static classification of systemic importance (Acemoglu et al., 2015). Third, 

symmetric-based regulatory tools can be miscalibrated when transmission functions of 

banks differ in market regimes (Freixas et al., 2000). 

These identified concerns notwithstanding, no research has explored 

asymmetric spillovers in the entire universe of systemically important banks in the 

world on a dynamic, time-varying basis. The current connectedness literature mostly 

presents aggregate measures that mask regime-based behavior (Diebold and Yilmaz, 

2012, 2014; Baruník and Křehlík, 2018), whereas quantile-based analysis considers 

other asset classes or small samples (Ando et al., 2022). This paper fills these gaps by 

an asymmetric TVP-VAR framework on daily data between 2010 and 2025 to 

investigate the variation of spillovers between positive and negative market regimes. 

In particular, the research (1) records the existence and character of asymmetric 

connectedness, (2) examines the dynamics of the asymmetries over time, even in the 

COVID-19 era, and (3) draws conclusions on the implications of macroprudential 

regulation. The results indicate that there are consistent and economically significant 

asymmetries: certain banks increase positive shocks during boom periods and some 

become dominant transmitters during recessions, which proves that symmetric 

measures of connectedness are not enough to explain systemic risk. 

2. Literature Review 

This literature review constructs a systematic conceptual framework between 

systemic risk, banking interconnectedness, and asymmetric spillover dynamics. It is 

structured around four main themes: the origins of systemic risk and financial 

networks, the Too Big to Fail (TBTF) and Too Interconnected to Fail (TITF) paradigm, 

empirical evidence on asymmetric spillovers in financial systems, and how time-

varying connectedness techniques can be used to capture dynamic and crisis-specific 

risk transmission. These strands are combined in order to encourage the necessity of a 

polarity-specific, time-varying analysis of globally systemically significant banks. 

Network theory is the basis of the modern concept of systemic risk, in which 

financial institutions are interconnected by complex interdependencies. The work of 

Allen and Gale (2000) on the spread of shocks in interbank markets and Eisenberg and 

Noe (2001) on the structure of bilateral obligations reveal that the localization or 
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systemic nature of distress is determined by the structure of bilateral obligations. 

Expanding on this, Acemoglu et al. (2015) give a formal model that demonstrates that 

financial networks may be shock absorbers or shock amplifiers based on their density 

and the correlation of exposures. In particular, sparse networks can contain contagion, 

but highly interconnected systems can turn idiosyncratic shocks into systemic crises. 

These studies create one of the main implications: systemic risk is not defined only by 

the nature of individual institutions but by their location in the financial network. 

Consequently, spillovers and interconnectedness can only be empirically analyzed in 

order to determine systemic vulnerabilities, especially with large banking institutions 

that are centrally placed in the global financial networks. 

The TBTF and TITF models offer the main theoretical rationale of targeting big 

banks. TBTF highlights that institutions with large size have externalities to the 

financial system, which in many cases causes government intervention (Stern and 

Feldman, 2004; Mishkin, 2011). Nevertheless, TITF goes further to suggest that 

interconnectedness is a determinant of systemic significance and not size per se. This 

distinction is supported by empirical and theoretical work. Markose et al. (2012) 

indicate that even smaller institutions can spread shocks over a long distance when 

they have a high level of interconnectedness, whereas Glasserman and Young (2016) 

establish that centrality in the network is a decisive factor in contagion processes. On 

the same note, Acemoglu et al., (2015) measure systemic importance through network 

exposure, which supports the fact that the role of institutions as transmitters or 

receivers of shocks is determined by their connectivity structure. This literature 

suggests that connectedness measurement is at the center of determining systemic risk. 

Nonetheless, it also points out a shortcoming of current methods: the majority of 

analyses assume that interconnectedness remains constant or equal under market 

conditions, neglecting the possibility that transmission mechanisms can vary during 

stressful periods. This is a direct impetus to study regime-dependent connectedness in 

a TBTF/TITF framework. 

There is an increasing literature questioning the assumption that financial 

spillovers are symmetric. Traditional measures of connectedness implicitly assume 

that positive and negative shocks spread in the same manner, but empirical evidence 

does not support this. Baruník and Křehlík (2018) demonstrate that spillovers are 

frequency and condition-dependent in the market, which means that connectedness is 

state-dependent. Building upon this concept, Ando et al., 2022 propose quantile-based 

connectedness measures, which show that spillovers vary throughout the distribution 

of returns, especially in times of extreme market movements. This asymmetry is 

particularly applicable in banking situations. Wang et al. (2022) discover that the 

transmission patterns of banks are not the same in the upward and downward market 

regimes, which suggests that interconnectedness itself is conditional on market states. 

Likewise, Pacelli et al. (2022) demonstrate that tail-risk connectedness is exacerbated 

in downturns, exposing latent vulnerabilities that cannot be measured by average-

based metrics. Taken together, these results indicate that asymmetric spillovers are not 

a fringe benefit but a hallmark of financial systems. Nevertheless, the literature is still 

very narrow in its scope, as it usually concentrates on regional banking systems or 

general asset classes instead of globally systemically important banks. In addition, they 

seldom combine asymmetry with time-varying, dynamic models, which provides an 

incomplete picture of the evolution of systemic risk across market regimes. 
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The connectedness framework of Diebold and Yilmaz (2014, 2015) has greatly 

contributed to the empirical measurement of interconnectedness by offering a 

standardized way of measuring the spillovers among financial institutions. Although 

commonly used, this framework is normally applied in a static or symmetric 

environment, which restricts its capacity to reflect dynamic dynamics. Time-varying 

parameter vector autoregression (TVP-VAR) models overcome this shortcoming by 

permitting connectedness to change with time. Such models have the econometric 

basis laid by Koop and Korobilis (2014), who show that they are appropriate to depict 

the structural changes in financial systems. Their relevance is confirmed by empirical 

applications: Zhang et al. (2021) demonstrate that spillovers are stronger in times of 

uncertainty, whereas Hallsteinsson (2022) records the changes in interconnectedness 

with financial liberalization over time. Armanious (2024) also emphasizes that the 

fixed indicators are not able to reflect the dynamic character of banking relationships. 

Asymmetry has recently been introduced into time-varying frameworks. An example 

of this is Ertugrul et al. (2024), who discover that connectedness is more systematic in 

downturns, especially among systemically significant institutions. This supports the 

perception that time variation as well as asymmetry is necessary in order to measure 

systemic risk accurately. The asymmetric TVP-VAR framework is well suited to the 

analysis of banking systems, where both regime dependence and time-varying changes 

in shock transmission are important. Crisis periods give important insights on systemic 

risk dynamics. The COVID-19 pandemic, especially, demonstrated how much 

financial interconnectedness becomes more stressful. Researchers like Demirer et al. 

(2018) and Giglio et al. (2016) indicate that systemic risk and spillovers escalate 

considerably during crisis times, whereas Kangogo et al. (2023) report amplified 

contagion effects in financial markets. This fact highlights the significance of regime-

conscious analysis. In times of crisis, financial networks can shift from shock-

absorbing to shock-amplifying, as predicted by theory. Consequently, models that do 

not differentiate between market regimes are at risk of underestimating systemic 

vulnerability. These findings are direct evidence of the application of asymmetric, 

time-varying methods to banking connectedness. 

Despite extensive research on systemic risk and interconnectedness, a key gap 

remains. Existing studies either focus on symmetric connectedness or examine 

asymmetries in limited contexts, without providing a comprehensive analysis of 

globally systemically important banks within a unified, time-varying framework. In 

particular, there is no empirical evidence on how the world’s largest banks differ in 

transmitting positive versus negative shocks over time. This study addresses this gap 

by providing a systematic analysis of asymmetric connectedness among the ten largest 

global banks using an asymmetric TVP-VAR framework. It contributes to the literature 

by identifying regime-dependent spillover patterns, examining how these patterns 

evolve over time, including during the COVID-19 period, and linking these findings 

to TBTF and TITF frameworks and macroprudential policy implications. By 

integrating network theory, asymmetric spillover analysis, and time-varying 

methodology, this study offers a more complete understanding of systemic risk in 

global banking systems and provides a framework better aligned with the realities of 

modern financial interconnectedness.
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3. Data and Methodology  

3.1 Data  

The sample covers the period between July 16, 20101 and April 30, 2025 for 

the top ten largest banks by assets in the world2.  The selection is motivated by both 

regulatory and analytical considerations. 

First, these institutions are classified as Globally Systemically Important Banks 

(G-SIBs) by the Financial Stability Board (FSB) and the Basel Committee on Banking 

Supervision (BCBS) (Financial Stability Board, 2023; Basel Committee on Banking 

Supervision, 2025). As such, they are subject to enhanced regulatory oversight, 

including higher capital requirements and stress testing frameworks, due to their 

systemic importance (Basel Committee on Banking Supervision, 2011, 2018). 

Focusing on G-SIBs directly aligns the analysis with institutions considered “Too Big 

to Fail” and “Too Interconnected to Fail” (Markose et al., 2012; Demirer et al., 2018). 

Second, these banks represent central nodes in the global financial system. Due 

to their size and interconnectedness, shocks originating from these institutions are 

more likely to propagate system-wide, whereas spillovers from smaller banks tend to 

remain contained (Acemoglu et al., 2015). As a result, analyzing their connectedness 

provides more policy-relevant insights into systemic risk transmission. 

Finally, this sampling approach is consistent with prior systemic risk literature, 

which focuses on systemically important institutions rather than the full banking 

population (Billio et al., 2012; Demirer et al., 2018). Table 1 presents the variables, 

their descriptions and the data sources of the selected banks. These banks represent a 

diverse cross-section of the global financial system, each with varying levels of 

regional dominance and cross-border interconnectedness. 

Table 1 Data  

                                                            
1 The sample data starts on this date since the agricultural bank of China data is available starting on July 

16, 2010. 
2 The selection of the top ten largest banks in the world by assets is from the data supplied by the S&P 

Global website (https://www.spglobal.com/market-intelligence/en/news-insights/research/the-worlds-

largest-banks-by-assets-2024). 

Variable Name          Data Description  Source 

IDCBY Industrial and Commercial Bank of China Ltd. LSEG DataStream 

ACGBY Agricultural Bank of China Ltd. LSEG DataStream 

CICHY China Construction Bank Corp.  LSEG DataStream 

BACHY Bank of China Ltd. LSEG DataStream 

JPM JPMorgan Chase & Co. LSEG DataStream 

BAC Bank of America Corp. LSEG DataStream 

HSBC HSBC Holdings PLC LSEG DataStream 

BNP BNP Paribas SA LSEG DataStream 

MUFG Mitsubishi UFJ Financial Group Inc. LSEG DataStream 

ACA Credit Agricole SA LSEG DataStream 

https://www.spglobal.com/market-intelligence/en/news-insights/research/the-worlds-largest-banks-by-assets-2024
https://www.spglobal.com/market-intelligence/en/news-insights/research/the-worlds-largest-banks-by-assets-2024
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Returns are employed because the ERS unit root test (Stock et al., 1996) 

indicates that stock prices are non-stationary. As shown in Figure 1, the co-movements 

of the prices can be observed.  

Figure 1 Daily Standardized Raw Price Series Co-Movements 

 
 

To address the stationarity requirement and align with standard connectedness 

methodology, daily returns are calculated as percentage changes using Equation 1 and 

displayed in Figure 2. These return series serve as inputs to the TVP-VAR framework. 

Table 2 presents summary statistics for the daily return series (after percentage 

calculation). Note that all statistical tests and descriptive statistics reported in Table 2 

reflect the transformed return series, ensuring that the data satisfy the stationarity and 

moment condition requirements for the connectedness analysis. 

The returns are calculated as percentage changes shown in equation 1 and 

displayed in figure 2: 

𝑥
𝑡=

𝑦𝑡−𝑦𝑡−1
𝑦𝑡−1

                                                     (1) 

 

Figure 2 Banks Daily Returns  
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Table 2 presents a positive return on average, with JPM (6%) and MUFG 

(5.5%) showing the highest means. BAC, MUFG, and ACA exhibit the highest 

variances in the sample that indicate risk. Skewness varies among the sample: 

ACGBY, BACHY, and JPM are significantly right-skewed, while CICHY, HSBC, and 

MUFG are left-skewed, indicating asymmetry. All series display high excess kurtosis 

most notably BACHY, suggesting fat tails and extreme return probabilities. The 

Jarque-Bera test (Jarque & Bera, 1980) confirms non-normality across all series. The 

ERS test shows stationarity in return series.  
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Ljung-Box Q(20) and Q²(20) statistics confirm autocorrelation and volatility 

clustering, particularly in JPM and BAC. These characteristics are consistent with the 

presence of ARCH/GARCH effects and justify the application of a time-varying 

parameter VAR (TVP-VAR) model. 

The Kendall’s τ correlation matrix reveals meaningful and statistically 

significant positive relationships between all bank pairs. Particularly strong 

dependencies are observed between JPM and BAC (0.647***), HSBC and BNP 

(0.409***), and ACA and BNP (0.650***), suggesting a high degree of systemic 

interconnectedness within subsets of the global banking network. The strong bilateral 

correlations between several Chinese banks (e.g., IDCBY and BACHY = 0.602***) 

further highlight the regional clustering of financial ties.  

3.2 Methodology 

3.2.1 Asymmetric TVP-VAR Connectedness 

This study employs an asymmetric time-varying connectedness framework to 

analyze volatility spillovers among the world’s ten largest banks, following Adekoya 

et al. (2022) and implemented using the connectedness approach of Gabauer (2022). 

The methodology differs from the traditional framework of Diebold and Yilmaz (2012) 

in two key dimensions. First, The conventional Diebold and Yilmaz framework does 

not explicitly distinguish between positive and negative return shocks, whereas this 

study decomposes returns into positive and negative components. In contrast, this 

study decomposes returns into positive (upside) and negative (downside) components 

using indicator functions and estimates separate connectedness measures for each 

regime. This allows the identification of polarity-specific spillovers that are masked 

under symmetric frameworks (Baruník and Křehlík, 2018; Wang et al., 2022; Ertugrul 

et al., 2024). 

Second, while the Diebold and Yilmaz framework is based on using rolling-

window estimation (Diebold and Yilmaz, 2012), this study employs a time-varying 

parameter VAR (TVP-VAR). The TVP-VAR framework allows model coefficients to 

evolve continuously over time within a state-space representation, avoiding the need 

for arbitrary window selection and capturing smooth changes in connectedness 

dynamics. This is particularly important in periods of financial stress, where spillovers 

can change rapidly. 

To account for asymmetric market dynamics, we decompose return series into 

positive and negative absolute returns and estimate connectedness using a time-varying 

parameter vector autoregression (TVP-VAR) model with a Generalized Forecast Error 

Variance Decomposition (GFEVD) framework, following Antonakakis et al. (2020). 

To capture the asymmetric nature of financial spillovers, each return series is 

decomposed into positive and negative components using an indicator function 𝑠𝑡: 

𝑆𝑡 = {
1, 𝑖𝑓 𝑥𝑡 ≥ 0
0, 𝑖𝑓 𝑥𝑡 < 0

                                                       (2) 

Based on this, the positive and negative return series are constructed as: 

𝑥𝑡
+ = 𝑆𝑡 . 𝑥𝑡                                                            (3) 
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𝑥𝑡
− = (1 − 𝑆𝑡) . 𝑥𝑡                                                       (4) 

where 𝑥𝑡
+captures the positive returns and 𝑥𝑡

− the negative returns. To capture 

asymmetric connectedness, we utilize positive and negative absolute returns as inputs 

in the TVP-VAR-based connectedness framework, aiming to uncover the complex 

mechanisms underlying volatility transmission. 

Following Antonakakis et al. (2020), we estimate a TVP-VAR (1) model, 

selected using the Bayesian Information Criterion (BIC). The model is specified as:  

𝑥𝑡 = 𝛽𝑡𝑥𝑡−1 + 𝜀𝑡 ,        𝜀𝑡 ∼ 𝑁(0, ∑𝑡)                                       (5) 

𝑣𝑒𝑐(𝛽𝑡) = 𝑣𝑒𝑐(𝛽𝑡−1) + 𝜈𝑡, 𝜈𝑡 ∼ 𝑁(0, 𝑅𝑡)                                   (6) 

where 𝑥𝑡 is an N×1 vector of endogenous variables (e.g., Stocks of the Banks), 𝛽𝑡 is 

the time-varying coefficient matrix, and ∑𝑡, 𝑅𝑡 are time-varying variance-covariance 

matrices. To find the time-domain connectedness, the model is transformed into a 

Vector Moving Average (VMA) representation: 

𝑥𝑡 = ∑ 𝐴𝑗,𝑡𝜀𝑡−𝑗
∞
𝑗=0                                                  (7) 

Following Koop et al. (1996) and Pesaran and Shin (1998), The Generalized 

Forecast Error Variance Decomposition (GFEVD) quantifies how shocks in 

variable j affect the forecast error variance of variable i is calculated as: 

𝜃𝑖𝑗
𝑔(𝐻) =  

(∑ 𝑡)−1
𝑗𝑗 ∑  ((𝛹ℎ𝛴𝑡)𝑖𝑗𝑡)2𝐻

ℎ=0

∑ (𝐻
ℎ=0 𝛹ℎ𝛴𝑡𝛹ℎ

, )𝑖𝑖
                                     (8)  

To ensure comparability across institutions, each row is normalized: 

𝜃̌𝑖𝑗
𝑔(𝐻) =  

𝜃𝑖𝑗
𝑔

(𝐻)

∑ 𝜃
𝑖𝑗
𝑔

(𝐻)𝑁
𝑗=1

                                              (9) 

Using the normalized GFEVD matrix 𝜃̌𝑖𝑗
𝑔(𝐻), it represents the effect of the 

variable 𝑗 on the variable 𝑖 for the forecast error at horizon H, we compute the 

following connectedness measures:  

Total Directional TO Spillovers (from variable 𝑖 to others): 

𝐶𝑖→∙
𝑔 (𝐻) = ∑ 𝜃̌𝑗𝑖

𝑔
 (𝐻)𝑁

𝑖=1 𝑗≠𝑖                                      (10) 

Total Directional FROM Spillovers (to variable 𝑖 from others): 

𝐶𝑖←∙
𝑔 (𝐻) = ∑ 𝜃̌𝑖𝑗

𝑔
 (𝐻)𝑁

𝑖=1 𝑗≠𝑖                                     (11) 

To obtain the net directional connectedness, is the difference between the 

directional connectedness to others 𝐶𝑖→∙
𝑔 (𝐻) and from others 𝐶𝑖←∙

𝑔 (𝐻) ,follows: 

𝐶𝑖,𝑡
𝑁𝐸𝑇(𝐻) = 𝐶𝑖→∙

𝑔 (𝐻) − 𝐶𝑖←∙
𝑔 (𝐻)                                (12) 

formulated a comprehensive total connectedness index, denoted as 𝑆𝑔(𝐻), as shows in 

the following equation: 

𝑇𝐶𝐼𝑡(𝐻) =
∑ (𝑖≠𝑗)𝑁

𝑖,𝑗=1   𝜃̌𝑖𝑗
𝑔

(𝐻)

𝑁
× 100                            (13) 



Finance a úvěr-Czech Journal of Economics and Finance, 76, 2026 no. 2                                                171 

The TCI reflects the average level of connectedness across the system at each 

time point. Higher TCI values suggest increased systemic integration and vulnerability 

to contagion effects. 

4. Empirical Results 

4.1 Static Analysis 

Four testable hypotheses are proposed before results are presented based on the 

TBTF, TITF and financial network contagion models to base the analysis on falsifiable 

theoretical predictions. 

H1: Globally systemically important banks with large dealer-bank operations 

will function as persistent net transmitters of return spillovers, consistent with their 

centrality in global derivatives clearing, prime brokerage, and interbank lending 

networks (Demirer et al., 2018; Diebold & Yilmaz, 2014). 

H2: The connectedness of negative returns will be higher than the 

connectedness of positive returns in all sample periods, which are margin-call 

cascades, funding-market freezes, and loss-aversion mechanisms that become 

activated in downside conditions (Kahneman and Tversky, 2013; Nelson, 1991). 

H3: The bilateral spillovers between European banking pairs that have common 

sovereign debt exposures will increase during stress periods more than US banking 

pairs that are more integrated into capital markets (Allen and Gale, 2000; Acharya et 

al., 2014). 

H4: Net-receiver banks will be systemically vulnerable based on network 

position and not on institution size, receiver status will be linked with limited access 

to the capital market and heavy reliance on wholesale funding (Markose et al., 2012; 

Thakor, 2018). 

Table 3 reveals a total connectedness index (TCI) of 56.39, which means that 

more than half of the forecast error variance can be explained by cross-bank spillovers 

and not by idiosyncratic shocks, as it is consistent with Diebold and Yilmaz (2014) and 

Demirer et al. (2018). JPM and BNP become the biggest net transmitters (NET: 14.71 

and 13.96, respectively), which proves H1. This transmitter dominance is not a simple 

matter of institutional scale: JPM is the largest derivatives counterparty and prime 

brokerage firm in the world, which implies that its shocks spread concurrently across 

equity, fixed income, and credit markets (Demirer et al., 2018), and BNP transmits 

shocks through the largest eurozone bank and the largest sovereign bond market-

maker. These functions correspond to their G-SIB designations by the Financial 

Stability Board (2023). 

The main net receivers are MUFG (NET: -34.71) and CICHY (NET: -15.10), 

which aligns with H4. There should be a critical difference between systemic 

vulnerability and systemic importance. MUFG and CICHY are not sources of 

contagion, but systemically vulnerable institutions with high FROM values that 

indicate their vulnerability to absorb shock elsewhere. The receiver status of MUFG is 

associated with its regional funding model and sparse dealer-bank infrastructure, 

whereas the weakness of CICHY is associated with its regional orientation and 
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inability to tap into deep international capital markets. This asymmetry of spillover 

functions is similar to the network topology reported in Bardoscia et al. (2021), where 

central nodes enhance contagion, and peripheral institutions are the main shock 

absorbers. 

The biggest contributors to system-wide spillovers are BNP (TO: 76.07) and 

JPM (TO: 74.33), and the most vulnerable to external shocks are ACA (FROM: 59.94) 

and BNP (FROM: 62.12). 
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ACA is a large universal bank with high exposures to French sovereign bonds 

and eurozone interbank markets but without global dealer-bank operations that would 

make it a node that absorbs shocks of larger banks but does not create them.  

Its weakness forms a possible amplification point: in case the losses incurred 

are greater than the capital buffers, secondary contagion may spread via its 

counterparty network (Acharya et al., 2012; Markose et al., 2012). 

Table 4 indicates positive returns connectedness (TCI: 52.00) and Table 5 

indicates negative returns connectedness (TCI: 53.17), which directly supports H2. 

This asymmetry is the manifestation of the bad news effect (Ando et al., 2022; Baruník 

and Křehlík, 2018) and is caused by three structurally asymmetric processes: (1) 

margin-call cascades that compel parallel liquidations during price falls (Alaminos, 

2025), (2) funding-market freezes and (3) information-asymmetry amplification. 

These channels justify why symmetric measures are systematically underestimating 

tail-risk contagion (Acharya et al., 2014). The 2.3% extra predictive error variance of 

cross-bank spillovers during downturns compared with expansions can be converted 

into significant differences in the required loss-absorbing capacity when implemented 

on G-SIB balance sheets. 

There is a counter-intuitive trend here, with JPM falling in the range of 15.41 

(positive) to 10.78 (negative), and BAC falling in the range of 14.72 to 8.66 showing 

that these two key transmitters are more destabilizing in bull markets than crises. This 

is probably a manifestation of the mobilization of regulatory capital buffers and 

internal risk limits that limit the propagation of shocks in times of stress (Basel 

Committee on Banking Supervision, 2018), which suggests that the accumulation of 

systemic risk can be most intense in times of expansion when large banks spread 

positive sentiment (Borio and Zhu, 2012). This can be more effective than crisis-

reactive measures because countercyclical policy tightening during booms can be more 

effective (Berrospide, 2011). The behavior of BNP changes: its TO spillovers become 

higher, 70.91 to 71.45, in negative periods, which means that it is a volatility amplifier 

in times of stress that reveals European sovereign and corporate credit exposures 

(Acharya and Rajan, 2013). The values of HSBC TO decrease to 46.39, which is lower 

than 54.90, indicating a loss of transmission capacity during stress because of 

deleveraging requirements (Thakor, 2018). 

MUFG is also a strong net receiver in both regimes, but less susceptible to 

negative times (−28.63) than positive (−29.76). ACGBY shows significant regime-

switching: it is almost neutral in positive periods (NET: 0.13) and a net transmitter in 

negative ones (NET: 3.48), which is indicative of state-dependent systemic 

significance (Billio et al., 2012) and argues in favor of time-varying capital 

requirements (Benes and Kumhof, 2012). The BNP-to-ACA bilateral spillover rises to 

23.57 (positive) to 25.05 (negative), which is in favor of H3. This amplification is 

significantly higher than the JPM-BAC amplification, which reflects common 

eurozone sovereign exposures that result in a common shock amplifier effect that is 

not present in US pairs with greater capital-market integration and integrated 

regulatory supervision (Eickmeier et al., 2014; Allen and Gale, 2000; Acharya et al., 

2014). Combined, the static findings support H1, H2, and H3, and give some evidence 

to H4, where the ACGBY regime-switching finding shows that network position is not 

always static. These trends indicate conditional systemic importance (Eisenberg and 
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Noe, 2001; Acemoglu et al., 2015), in which the role of banks in financial stability is 

vital to the state of the market. 

4.2 Total Dynamic Connectedness 

The TCI ranges between 40 and 80 percent throughout the sample period 

(Figure 3), which illustrates the event specificity of interconnectedness. The 2012, 

2020, and 2023 peaks are exactly aligned with three significant financial disruptions. 

The 2012 peak is an indication of the Eurozone sovereign debt crisis as Greek, Italian, 

and Portuguese yields shot up, causing contagion effects across the European banking 

(Acharya et al., 2014). The 2020 spike is associated with the COVID-19 market shock 

where equity price crashes and funding market seizures generated concurrent losses in 

bank portfolios (Duffie, 2020). The 2023 peak is associated with the US regional 

banking crisis, where interest rate volatility and deposit flight posed solvency risk to 

mid-sized banks and caused spillover effects to larger banks and financial markets 

(Ozili, 2024). 

Figure 3 Dynamic Total Connectedness

 

During the sample period, negative connectedness (red line) is always higher 

than the positive connectedness (green line, Figure 3) and records structural 

vulnerability in the global banking system. Instead of these events being a shock to an 

otherwise stable system, the consistent difference between the two lines implies that 

negative spillovers prevail in the steady-state financial structure. This finding is 

significant to risk assessment: a regulator using a symmetric measure of connectedness 

to impose countercyclical capital buffers would mix positive and negative regimes, 

concealing the concentration of systemic vulnerability in downside states and 

systematically underproviding capital against crisis events (Acharya et al., 2012). The 

Eurozone Sovereign Debt Crisis (2010-2012) produced a sharp negative 

connectedness spike as European banks such as BNP Paribas, Credit Agricole and 

HSBC incurred mark-to-market losses on peripheral sovereign bonds (Delivorias, 

2015). The market saw the risk of contagion in which the losses of peripheral 

sovereigns would be transferred to creditor banks and increase the probability of 

default due to the diminished capital buffer (Acharya and Rajan, 2013). The crisis 

mechanic was a typical contagion channel: sovereign stress to bank mark-to-market 

losses caused capital depletion which necessitated deleveraging and forced asset fire 
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sales which caused counterparty spillovers. This confirms the theoretical frameworks 

of bank network contagion (Allen and Gale, 2000; Eisenberg and Noe, 2001) by 

recording actual propagation of shocks by interbank exposures. The COVID-19 

Pandemic (2020-2021) resulted in a dual shock, an equity market crash (down 34 

percent off the peak in March 2020) that led to mark-to-market losses on bank trading 

portfolios, and an oil price collapse (West Texas Intermediate fell to negative 

$37/barrel in April 2020) that caused credit losses on energy sector exposures. These 

shocks were in the form of the widening funding spreads as TED spreads spiked to 

150+ basis points in March 2020 and short-term credit market stress (Duffie, 2020). 

The liquidity crisis was eventually averted by federal reserve emergency lending 

facilities (Primary Dealer Credit Facility, Commercial Paper Funding Facility) and 

international central bank swap lines before it became a solvency crisis. Nevertheless, 

the episode demonstrated a fundamental weakness: even the most liquid and large G-

SIBs rely heavily on the operation of money markets. When these freeze, institutional 

scale does not offer any protection. This highlights the TITF mechanism whereby 

interconnectedness via funding markets generates systemic vulnerability regardless of 

the size of the individual bank (Markose et al., 2012). The Chinese Property Market 

Crisis (2021–2023), centered on the Evergrande default, triggered cascading losses 

through Chinese banks' property development lending books, which constituted 20–

30% of total credit exposure in some institutions (Youvan, 2024). As the number of 

defaults increased and housing demand decreased, banks began to have more non-

performing loans and a reduction in investor confidence, which caused internal 

financial tightening and spillover to Asian banking markets. The spillover effect was 

both direct (Chinese bank losses on the global portfolio managers) and indirect 

(exposure of Asian banks to Chinese economic decay), showing how financial stress 

in emerging markets spreads to G-SIBs via several channels (Bruno and Shin, 2015; 

Cerutti et al., 2012; Aiyar et al., 2014). The 2023 US-European Banking Crisis revealed 

duration-mismatch weaknesses in Silicon Valley Bank and other local banks. SVB had 

portfolios that were overweighted with long-duration Government-Sponsored 

Enterprise bonds and mortgage-backed securities, which were funded by volatile 

deposits; when the Federal Reserve increased rates to 4.5% in 2022, after being nearly 

zero, the market value of these portfolios fell. Contagion to global systemically 

important banks was conducted in three different ways: the cost of short-term funding 

increased by 40 percent, there was a flight of deposits (€550 billion pulled out of EU 

banks), and mark-to-market losses on sovereign bond holdings (Ozili, 2024). These 

mechanisms empirically confirm the TITF hypothesis: the failure of regional banks in 

the US caused spillovers to G-SIBs in many indirect ways, which supports the 

argument of the need to monitor connectedness among the largest banks in the world 

(Dzhagityan and Orekhov, 2022). 
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Figure 4 Asymmetry of Dynamic Total Connectedness 

 
The same can be said about a symmetric effect: positive connectedness (green 

line) increases after the concerted policy actions, which confirms the argument of 

macroeconomic stabilization of Keynes and post-Keynesian economists (King, 2013). 

European banks experienced a synchronized recovery in sovereign bond and equity 

prices, generating positive spillovers through bond price gains and improvements in 

bank capitalization. In particular, Spanish 10-year government bond yields declined 

from approximately 7.5% to 3% between August 2012 and 2015, reflecting the 

improvement in sovereign debt market conditions following the European Central 

Bank’s (ECB) introduction of the Outright Monetary Transactions (OMT) programme 

in 2012. The subsequent asset-purchase programs implemented by the Federal Reserve 

during 2013–2015 and 2020 further supported financial market conditions by 

compressing risk-free rates and strengthening bank deposit bases. These improvements 

in asset valuations and funding conditions contributed to stronger bank balance sheets 

and higher capital ratios, thereby facilitating positive spillovers across internationally 

interconnected banks. For banks such as JPMorgan Chase (JPM) and Bank of America 

(BAC), the effects were particularly relevant given their deep capital-market linkages, 

which allowed improvements in financial conditions to transmit across the banking 

network (Bernanke, 2013). Nevertheless, the temporary character of positive spillovers 

as in Figure 3 indicates that positive connectedness decreases once more after 2021 

even though Chinese policy support indicates that policy efficacy is limited when the 

underlying credit dynamics are still problematic. The Chinese non-performing loan 

ratios kept increasing even with the policy support, which demonstrates that the 

transmission of stability by positive connectedness is conditional on the permanence 

of the underlying credit improvement and not the policy announcement itself. 

It is also important to note that MUFG served as a shock receiver during global 

recessions, maintaining capital ratios above regulatory minima and continuing 

interbank lending while Western peers reduced exposures (Kawai & Takagi, 2022). 

This shock-receiver role refers to MUFG's function as a stable counterparty rather than 

to active shock transmission it is a form of systemic resilience, and is entirely 

consistent with its net-receiver status identified in Section 4.1. A bank can be 

simultaneously systemically vulnerable at the global network level (a receiver of 

external shocks from JPM or BNP) and a stabilizing force for smaller regional 

counterparties, if its capital buffers are sufficient to maintain lending even when 

absorbing losses. These two roles are not contradictory but reflect different layers of 
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systemic analysis. The implication is that macroprudential regulation requiring large 

banks to maintain high capital buffers can enable them to function as shock absorbers 

rather than shock amplifiers at the regional level (Berrospide, 2011). 

The declining connectedness at the end of the sample (2021–2025, Figure 4) 

may reflect structural fragmentation in global banking driven by de-globalization 

pressures reducing cross-border exposures, regulatory fragmentation with divergent 

liquidity and capital standards across jurisdictions, and digital innovation disrupting 

traditional banking networks. The persistent dominance of negative connectedness 

throughout the sample implies that regulators cannot assume symmetrical transmission 

and must calibrate capital buffers, liquidity requirements, and resolution frameworks 

explicitly for downside scenarios. Static connectedness measures or annual stress tests 

may fail to capture the rapid buildup and unwinding of systemic risk during transition 

periods, a concern emphasized by the Financial Stability Board (2022) in their 

advocacy for real-time or near-real-time monitoring systems. 

4.3 Dynamic Contributions TO and FROM 

Figures 5 and 6 illustrate the dynamics of connectedness TO and FROM others 

among the ten largest global banks, offering insight into the nature of 

interconnectedness spillovers and the asymmetric behavior of institutions. Figure 5 

captures connectedness TO others, showing each bank’s role as a transmitter of 

volatility. JPM and BAC display strong transmission spikes across all major crises such 

as the COVID-19 pandemic (2020), the Chinese property market crisis (2021–2023), 

and the 2023 US-European banking crisis because their dealer-bank and prime-

brokerage operations make them universal conduits of shocks. Any disruption in global 

asset prices, funding markets, or credit risk perceptions immediately affects their 

counterparties across multiple sectors. By contrast, IDCBY’s transmission spikes are 

concentrated in the COVID-19 and Chinese property crisis periods, reflecting its direct 

exposure to China-specific credit events rather than global market disruptions. This 

heterogeneity highlights the importance of targeted macroprudential policy: JPM and 

BAC should be prioritized during global crises, while IDCBY requires closer 

monitoring during East Asian stress. The magnitude of TO spillovers, exceeding 80% 

at peaks, confirms that crises are dominated by common shocks rather than 

idiosyncratic ones, consistent with contagion theory (Allen & Gale, 2000; Eisenberg 

& Noe, 2001). 
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Figure 5 Directional Connectedness Spillovers from One Market to Others 

 
Figure 6 shows connectedness FROM others, measuring how much volatility 

each bank absorbs from the network. BNP, HSBC, and ACA consistently record 

elevated FROM values. ACA’s high absorption (59.94 in Table 3) reflects its position 

as a mid-sized European universal bank: it lacks the capital strength to act as a 

transmitter but remains exposed to shocks from larger peers and sovereign risk. Such 

vulnerability does not make ACA a contagion source but a potential secondary 

amplifier if losses exceed capital buffers (Markose et al., 2012). 

Figure 6 Directional Connectedness Spillovers from Others to One Market 

 
 

Comparing the two figures reveals transmitter-to-receiver switching: many 

banks transmit volatility in boom periods but absorb stress in downturns, reflecting 

credit cycle dynamics (Borio & Zhu, 2012). This regime dependence demonstrates that 
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systemic importance, vulnerability, and exposure are not fixed properties but state-

contingent roles.  

4.4 Net Dynamic and Network Connectedness 

4.4.1 Net Dynamic Connectedness 

Figure 7 presents net directional dynamic connectedness results, showing 

whether each bank functions as a net transmitter (positive values) or net receiver 

(negative values) of return spillovers over time. JPM, BNP, and BAC exhibit a 

transmitting role during relatively calm periods and policy-driven recoveries for 

example, following the post-2012 European central bank interventions and the 2021 

macroprudential stimulus in China reflecting their market dominance and access to 

deep capital markets (Hurd, 2016). Their ability to distribute positive sentiment and 

confidence signals to counterparties during non-crisis periods underscores their central 

role in the financial network's normal functioning. 

Figure 7 Net Total Directional Connectedness 

 
 

During acute crises, notably the COVID-19 pandemic (2020–2021) and the 

2023 banking crisis, several institutions transition toward receiver status. For JPM, 

BNP, and BAC, this transition should not be interpreted as these banks becoming 

systemic contagion sources in the receiver sense; rather, it indicates a temporary 

reduction in their net transmitter advantage as counterparties reduce exposures to even 

the most creditworthy institutions during acute uncertainty. When aggregate 

uncertainty spikes sufficiently, even dominant transmitters experience net inflows of 

stress, a manifestation of systemic fragility at the network level rather than individual 

institutional weakness. This observation is consistent with the finding of Acharya et al. 

(2012) that loss of market confidence during crises affects institutions irrespective of 

their fundamental quality, as information asymmetries make counterparties unable to 

distinguish creditworthy from less creditworthy banks in real time. 

The sharp negative swings of IDCBY, HSBC, and BACHY during crisis periods 

reflect the structural vulnerabilities specific to each institution rather than generic 

market sensitivity. IDCBY's extreme negative swings during the Chinese property 

crisis (2021–2023) reflect direct credit exposures to Chinese real estate developers, a 

case of exposure-driven vulnerability where the bank absorbs shocks because its loan 
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book is concentrated in the distressed sector. HSBC's negative swings during 2020 and 

2023 reflect its dual-hemisphere exposure structure: as a bank with significant Asian 

and European operations, HSBC experiences stress from both regional credit events 

and global funding disruptions simultaneously, amplifying its receiver role beyond 

what either regional or global exposure alone would produce. BACHY's vulnerability 

reflects its narrower capital market access relative to G-SIBs, making it unable to 

maintain wholesale funding access when money markets freeze a case of funding-

structure vulnerability rather than credit-book weakness. This heterogeneity in the 

sources of receiver status has practical implications for regulatory design: addressing 

IDCBY's vulnerability requires targeted credit risk management in real estate lending, 

while addressing BACHY's requires strengthening the stable funding ratio and 

reducing reliance on short-term wholesale markets (Thakor, 2018). This finding 

supports the theory that systemic risk arises not from individual institutional weakness 

but from network position: a well-capitalised regional bank can still become 

systemically vulnerable if its funding structure depends on markets that freeze during 

crises (Vazquez & Federico, 2015) 

4.4.2 Network Connectedness  

Figure 8 shows the volatility transmission network among the ten largest global 

banks, with blue nodes as net transmitters and yellow nodes as net receivers. JPM, 

BAC, BNP, and HSBC stand out as key transmitters due to their roles in dealer trading, 

prime brokerage, custody, and central clearing, which allow shocks to spread through 

multiple channels simultaneously. In contrast, IDCBY, CICHY, BACHY, and MUFG 

are net receivers, reflecting systemic vulnerability rather than contagion capacity. Their 

significance lies in the risk of secondary amplification if absorbed shocks push them 

toward distress, though this channel is weaker and slower than direct transmission. 

Evidence suggests capital requirements have generally contained this risk, as no 

receiver bank failed during the crises studied. Effective monitoring therefore requires 

exposure-based metrics rather than transmitter-focused measures. 

Figure 8 Total Averaged Network Connectedness (Asymmetric TVP-VAR) 
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Figure 9 highlights positive network connectedness, where return spillovers 

under stable or optimistic conditions are visibly weaker and sparser. This reflects 

fundamental asymmetries in shock transmission: positive spillovers require 

coordinated confidence and simultaneous expansion of activity, while negative 

spillovers propagate mechanically through margin calls and funding disruptions 

regardless of intent (Baruník & Křehlík, 2018; Ando et al., 2022; Abreu & 

Brunnermeier, 2002). Consequently, positive sentiment is fragile and localized, 

whereas adverse shocks spread more forcefully and system-wide, rendering the 

financial system asymmetrically fragile. 

Figure 9 Positive Averaged Network Connectedness (Asymmetric TVP-VAR) 

 
In Figure 9, CICHY, MUFG, HSBC, BACHY, and IDCBY act as receivers, 

absorbing rather than emitting gains. HSBC’s reversal from transmitter in the total 

network (Figure 8) to receiver here illustrates state-dependent systemic importance: 

marginal in normal times but central in crises. Static assessments risk misclassifying 

its role, underscoring the need for capital charges and resolution frameworks that 

explicitly account for crisis-state systemic risk (Glasserman & Young, 2016). 
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Figure 10 Negative Averaged Network Connectedness (Asymmetric TVP-VAR) 

 

 
Figure 10 presents negative network connectedness, focusing on return 

spillovers under unfavorable market conditions. This network is more directional and 

densely interconnected, with stronger and more concentrated volatility flows, visually 

confirming the structural asymmetry identified in the TCI comparison. CICHY, 

MUFG, and HSBC are all net receivers under negative conditions, following a 

hierarchical pattern consistent with network theory: losses from systemically important 

transmitters (JPM, BAC, BNP) flow to smaller or more regionally focused institutions 

that lack the capital buffers or market access to insulate themselves. Critically, this 

hierarchical flow does not make yellow-node receivers primary contagion amplifiers; 

they are the endpoints of contagion chains, not their origins. This distinction is 

important for framing macroprudential intervention: policies aimed at reducing 

systemic risk should target the transmitters at the top of the hierarchy, while policies 

aimed at reducing systemic vulnerability should target receivers' funding structures 

and capital buffers. 

The comparison of Figures 8, 9, and 10 yields a taxonomy of institutional 

vulnerability with clear policy implications. IDCBY and BACHY are crisis vulnerable, 

acting as net receivers only in negative and total networks, showing state-contingent 

rather than structural fragility. CICHY and MUFG are chronically vulnerable, 

receivers in all three states, reflecting persistent dependence on external stability. 

HSBC is conditionally vulnerable, a transmitter in the total network but a receiver in 

crises, revealing state-dependent systemic sensitivity often missed by normal-period 

assessments. This taxonomy maps directly to differentiated tools: structural reforms 

for chronically vulnerable banks, dynamic capital buffers for crisis-only institutions, 

and crisis-calibrated resolution frameworks for conditional cases. The findings 

underscore that systemic influence is asymmetric as negative shock risks generate 

more persistent spillovers than positive shocks and that one-size-fits-all regulation is 

inadequate. Instead, macroprudential policy must be tailored to network positions, 

aligning with proposals for network-based regulation (Hanson et al., 2011) and 
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reinforcing the value of the TVP-VAR asymmetric connectedness framework for 

monitoring. 

5. Conclusions 

This paper has explored asymmetric connectedness of the top ten banks in the 

world based on an asymmetric TVP-VAR model on daily returns between July 2010 

and April 2025. Four theory-based hypotheses based on the TBTF, TITF, and financial 

network contagion models guided the analysis, and the findings offer substantive 

empirical evidence on all of them. 

The analysis demonstrates that G-SIB dealer banks such as JPMorgan Chase 

and BNP Paribas are sustained net transmitters of return spillovers not only because of 

their size but also because of their specialization in derivatives clearing, prime 

brokerage, and sovereign bond markets in support of the TBTF hypothesis. Negative 

spillovers consistently dominate positive ones, driven by margin-call cascades, 

funding freezes, and information asymmetry, meaning symmetric measures 

underestimate crisis contagion. The transmission of shocks by European banks is more 

pronounced than that of U.S. banks, which underscores the sovereign-debt contagion 

mechanisms. In the meantime, net-receiver banks like MUFG and CICHY are 

systemically susceptible because of network position and funding structure and not 

scale. The paper separates systemic importance (shock transmission), systemic 

vulnerability (shock absorption), and shock exposure (bilateral interconnectedness) to 

critique the literature that tends to confuse these terms. 

The dynamic analysis reveals that the total connectedness ranges between 40 

and 80, and it sharply rose during the Eurozone debt crisis, COVID-19, the Chinese 

property market crisis, and the 2023 US-European banking crisis. The unexpected 

finding is that JPM and BAC become more volatile during bull markets, whereas BNP 

increases downturn spillovers because of sovereign and credit exposures, which is why 

institutions should be regulated institution-by-institution. The network analysis also 

differentiates between vulnerability types that have obvious policy implications: 

chronically vulnerable institutions like CICHY and MUFG need structural policies 

such as stable funding and diversification; crisis-only vulnerable institutions like 

IDCBY and BACHY need dynamic capital buffers that are triggered by stress 

indicators; and conditionally vulnerable institutions like HSBC, which become 

transmitters during normal times but receivers during crises, need downturn-specific 

resolution frameworks. In each instance, the results point to the fact that regulatory 

implications must be aligned with the origin of vulnerability and not uniformly applied 

on the basis of size. 

On the basis of these findings, some policy recommendations can be made. 

Regulators ought to incorporate asymmetric spillover indicators into systemic risk 

surveillance, particularly for institutions that are persistent net transmitters of negative 

return shocks. Capital requirements that are tuned to symmetric assumptions can be 

insufficient; regime-sensitive monitoring systems and dynamic capital buffers that 

vary with market conditions are required to have an effective financial stability policy. 

Furthermore, since systemic risk buildup may be most acute during expansionary 

periods such as when major banks propagate positive sentiment and reduce perceived 

risk countercyclical policy tightening during boom periods may be more effective at 
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reducing tail risks than crisis-reactive measures. The transmission effect of aggressive 

interest rate rises on the balance sheets of banks should also be considered by central 

banks and robust crisis preparedness should be encouraged by contingency 

frameworks and stress testing (Ozili, 2024). 

There are a number of limitations that need to be recognized. The sample is 

limited to ten banks based on the size of assets and G-SIB designation; although this 

offers policy-relevant information about the systemic risk of the most significant 

institutions, it reduces the generalizability of inferences made at a regional level. 

Further studies may further expand the study to a larger group of G-SIBs or involve 

non-bank systemically important financial institutions. Also, the connectedness 

framework is able to capture statistical spillovers in equity returns, but does not 

explicitly model the underlying balance sheet or funding sources; combining balance 

sheet data with network connectedness measures would help enhance the causal 

interpretation of the spillover dynamics. 
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